This paper estimates univariate and multivariate conditional volatility and conditional correlation models of spot, forward and futures returns from three major benchmarks of international crude oil markets, namely Brent, WTI and Dubai, to aid in risk diversification.
Introduction
Crude oil is arguably the world's most influential physical commodity as it provides energy for all kinds of human activities in the form of refined energy products, such as liquefied petroleum gases (LPGs), gasoline and diesel. Consequently, crude oil is a dynamically traded commodity that affects many economies. For instance, Sadorsky (1999) found that oil price volatility shocks have asymmetric effects on the economy, namely changes in oil prices affect economic activity, but changes in economic activity have little impact on oil prices, so that oil price fluctuations have large macroeconomic impacts. Guo and Kliesen (2005) argued that changes in oil prices affect aggregate economic activity through changes in the dollar price of crude oil (relative price change), and increases in uncertainty regarding future price.
Substantial research has been conducted on the volatility of spot, forward and futures prices. Models of crude oil price volatility can be univariate or multivariate. In the former case, Fong and See (2002) examined the temporal behaviour for daily returns for crude oil futures using a Markov switching model of conditional volatility. Lanza et al. (2006) used the AR(1)-GARCH(1,1) and AR(1)-GJR(1,1) models to estimate conditional volatility based on forward and futures returns. Manera et al. (2006) used univariate ARCH and GARCH models to estimate spot and forward returns. Standard diagnostic tests also showed that the AR(1)-GARCH(1,1) and AR(1)-GJR(1,1) specifications were statistically adequate for both the conditional mean and conditional variance. Sadorsky (2006) investigated the forecast performance of a large number of models.
The fitted model for heating oil and natural gas volatility was TGARCH, whereas GARCH was used for crude oil and unleaded gasoline volatility. Lee and Zyren (2007) calculated historical volatility and GARCH models to compare the historical price volatility behaviour of crude oil, motor gasoline and heating oil in U.S. markets since 1990. They combined the shifting variable in GARCH and TARCH models to capture the response from changes in OPEC's pricing behaviour. Narayan and Narayan (2007) modelled crude oil price volatility using daily data by using the EGARCH model to gauge two features of crude oil price volatility, namely asymmetry and the persistence of shocks.
For the multivariate conditional volatility model, Lanza et al. (2006) modelled conditional correlations in the WTI oil forward and future returns using the CCC model of Bollerslev (1990) and DCC model of Engle (2002) . They found that DCC could vary dramatically, being negative in four of ten cases and close to zero in another five cases. Only in the case of dynamic volatilities of the three-month and six-month future returns was the range of variation relatively narrow. Manera et al. (2006) estimated DCC in the returns for Tapis oil spot and one-month forward prices using CCC, VARMA-GARCH model of Ling and McAleer (2003) , VARMA-AGARCH model of McAleer et al. (2009) , and DCC, and also tested and compared volatility specifications. Trojani and Audrino (2005) proposed a multivariate tree-structured DCC model by incorporating multivariate thresholds in conditional volatilities and correlations. They found in some Monte Carlo simulations that the model was able to capture GARCH-type dynamics and a complex threshold structure in conditional volatilities and correlations. In the empirical data for international equity markets, the estimated conditional volatilities were strongly influenced by GARCH and multivariate threshold effects. They concluded that conditional correlations were determined by simple threshold structures, whereas no GARCH-type effects could be identified.
The purpose of this paper is to estimate univariate and multivariate conditional volatility models for the returns on spot, forward and futures prices for Brent, WTI and Dubai to aid in risk diversification in crude oil markets. The remainder of the paper is organized as follows. Section 2 discusses the univariate and multivariate GARCH models to be estimated. Section 3 explains the data, descriptive statistics and unit root tests. Section 4 describes the empirical estimates and some diagnostic tests of the univariate and multivariate models.
Section 5 provides some concluding remarks.
Econometric models

Univariate conditional volatility models
Following Engle (1982) Glosten et al. (1992) proposed the asymmetric GARCH, or GJR model, which is given by
where 
where i C are m m  matrices for 1,.., i r  , and (4)- (7) are obtained by maximum likelihood estimation (MLE) using a joint normal density. When t  does not follow a joint multivariate normal distribution, the appropriate estimator is QMLE.
Unless t  is a sequence of iid random vectors, or alternatively a martingale difference process, the assumption that the conditional correlations are constant may seen unrealistic. In order to make the conditional correlation matrix time dependent, Engle (2002) proposed a dynamic conditional correlation (DCC) model, which is defined as
where
is a diagonal matrix of conditional variances, and t  is the information set available to time t. The conditional variance, it h , can be defined as a univariate GARCH model as follows:
If t  is a vector of i.i.d. random variables, with zero mean and unit variance, t Q in (9) is the conditional covariance matrix (after standardization, it it it y h
 
). The it  are used to estimate the dynamic conditional correlations, as follows:
where the k k  symmetric positive definite matrix t Q is given by
(1 )
in which 1  and 2  are scalar parameters to capture the effects of previous shocks and previous dynamic conditional correlations on the current dynamic conditional correlation, and 1  and 2  are non-negative scalar parameters. As t Q is conditional on the vector of standardized residuals, (12) is a conditional covariance matrix, and Q is the k k  unconditional variance matrix of t  . For further details, and critique of the DCC model, see
Caporin and McAleer (2009).
Data
The data used in this paper are daily synchronous closing price of spot, forward and futures crude oil prices from three major crude oil markets, namely Brent, WTI and Dubai. The descriptive statistics for the crude oil returns series are summarized in Table 1 . The sample mean is quite small, but the corresponding variance of returns is much higher. Both negative skewness and high kurtosis suggest that returns are not distributed normally.
Similarly, the null hypothesis of normality is also rejected for the sample return series by the Jarque-Bera(J-B) test lagrange multiplier statistics.
The logarithms of crude oil prices are plotted in Figure 1 . It is clear that there is substantial clustering of volatilities, such that a turbulent trading day tends to be followed by another turbulent day, while a tranquil period tends to be followed by another tranquil period.
[Insert Tables 1-2 The empirical results of the unit root tests for the sample returns in each market are summarized in Table 2 . The Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests are used to test for unit roots in the individual series. The large negative values in all cases indicate rejection of the null hypothesis at the 1% level, such that all returns are stationary.
Empirical Results
Univariate estimates of the conditional volatilities, GARCH(1,1) and GJR(1,1), with different conditional mean equation models based on spot, forward and futures returns in each market, are given in Tables 3-5 , which report the respective QMLE and the Bollerslev- is significant in all returns series. In addition, the coefficient in the conditional variance equations for both AR(1)-GARCH(1,1) and ARMA(1,1)-GARCH(1,1) are all significant.
Consequently, ARMA(1,1)-GARCH(1,1) is preferred to AR(1)-GARCH(1,1).
In the case of the asymmetric GARCH(1,1) model in Panel 3b, only the coefficients in the mean equation for ARMA(1,1) are significant. The estimates of the asymmetric effect for the univariate model are not statistically significant, except for spot returns.
The results for univariate estimation of the WTI market are reported in Table 4 . The robust t-ratios show that the ARMA(1,1)-GARCH(1,1) specification for all returns is statistically adequate in both the conditional mean and conditional variance equations, but the coefficients in the conditional mean equation of AR(1)-GARCH(1,1) are insignificant. The univariate GJR models are presented in Panel 4b in Table 4 , where only the forward returns for ARMA-GARCH model are significant. However, asymmetry between negative and positive shocks on the conditional variance is not observed.
For the Dubai market in Table 5 indicates that the assumption of constant conditional correlation for all shocks to returns is not supported empirically. In addition, the mean of the dynamic conditional correlations of each pair is identical to the constant conditional correlation estimates reported in Table 6 . The short run persistence of shocks on the dynamic conditional correlations is greatest for WTI at 0.264, while the largest long run persistence of shocks to the conditional correlations is for Brent, namely 0.995 = 0.027 + 0.968.
[Insert Tables 7-10 here]
The corresponding multivariate estimates for the VARMA(1,1)-GARCH and VARMA(1,1)-AGARCH models for each market are given in Tables 8-10 . It is clear from Dubai. It is clear that the ARCH and GARCH effects for spot and forward returns are significant, and there is a significant display of interdependences in the conditional volatilities between the spot and forward returns. In Panel 10b, the ARCH and GARCH effects are statistically significant only for forward returns, but the ARCH effect is significant for spot returns. There is also the presence of interdependences between spot and forward returns, while the asymmetric spillover effects for each of the returns is insignificant.
Consequently, VARMA-GARCH is preferred to VARMA-AGARCH.
Conclusion
This paper estimated four multivariate volatility models, namely CCC, DCC, VARMA-GARCH and VARMA-AGARCH, for the spot, forward and futures returns for three major benchmark international crude oil markets, namely Brent, WTI and Dubai. The returns for the period 2 January 1991 to 10 November 2008 were estimated using multivariate conditional volatility and conditional correlation models. Both the univariate ARCH and GARCH components of the GARCH(1,1) and GJR(1,1) models were significant for all returns, whereas most of the estimated asymmetric effects for GJR(1,1) were not significant.
The calculated constant conditional correlations across the conditional volatilities of returns using the CCC model were high. The paper also presented the ARCH and GARCH effects for returns, and significant interdependences in the conditional volatilities across returns in each market. The estimates of volatility spillovers and asymmetric effects for negative and positive shocks on the conditional variances suggested that the VARMA-GARCH model was superior to the asymmetric VARMA-AGARCH. In addition, the estimates of the DCC model for returns in each market were statistically significant. In short, constant conditional correlations were not supported in the empirical examples. Such estimates of the dynamic conditional correlations of shocks to returns associated with spot, forward and futures prices can be used as an aid to risk diversification in crude oil markets. 
